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Abstract

General value functions (GVFs) provide a reinforcement learning (RL) framework
for learning predictive knowledge that can improve policy learning. Traditionally,
the predictive questions that learned GVFs have to answer were hand-designed to be
relevant to the task at hand. However, useful questions can also be automatically
discovered by an auxiliary network that is trained via a meta-gradient approach
which directly optimizes for the RL loss. Recent work introduced object-centric
GVFs, which use a slot-based representation as input to this question network to
facilitate discovery of GVFs that make predictions about objects in environments
with visual observations. In this work, we explore several improvements over this
architecture and propose to leverage only the meta-gradient information to steer
object discovery towards task-relevant features.

1 Introduction

General value functions (GVFs) (Sutton et al., 2011) can be used to derive predictive knowledge about
the environment in a reinforcement learning (RL) setting. Akin to value functions that describe
expected cumulative rewards in an Markov decision processes (MDP) setting, GVFs describe the
expected cumulative sum of other scalar quantities than rewards. These quantities, or cumulants
can either be hand-crafted (Sutton et al., 2011; Jaderberg et al., 2016) or learned in a goal-directed
manner (Veeriah et al., 2019; Kearney et al., 2022; Nath et al., 2023). GVFs can be used as auxiliary
tasks that facilitate representation learning for the main task (Veeriah et al., 2019) or they can
directly be used as state inputs (Kearney et al., 2022). However, simultaneous learning of policies,
cumulants and discount factors that together specify GVFs is a difficult optimization problem. If,
however, we restrict the problem space to involve only on-policy GVFs, the problem of cumulant
discovery becomes tractable, because we do not need any importance sampling. Nath et al. (2023)
describe an approach of learning GVFs from visual observations to be used directly as state inputs.
Their approach focuses on learning a limited number of GVFs, each associated with a single object.
The set of objects is derived using slot attention (Locatello et al., 2020) and the overall architecture
has been shown to work well.

However, this process is heavily dependent on the good separation of objects of slot attention, which
may not always develop in most domains. Additionally, slot attention can only distinguish objects by
pixel-matching using a reconstruction loss, and as a result, objects that differ by any other topology
will not be properly distinguished by slot attention. In our work, we remove reconstructive slot
attention training altogether, and only use the encoder of slot attention to capture task-specific
features in the slots. We show that this simpler architecture performs on par with the architecture
from Nath et al. (2023) that trains the slot attention module via reconstruction.

The main contributions of our paper are as follows:
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• We demonstrate that adding discount prediction, aligning learned GVFs and cumulants via
the Hungarian algorithm, and using Huber TD losses instead of mean-squared TD losses to
the overall architecture of Nath et al. (2023) improves its performance.

• Using a reconstructive objective for learning object-centric cumulants is not essential for
good performance in limited GVF regime; similar performance can be obtained even in the
absence of the full slot attention framework, using just the meta-gradients from the main
RL loss.

2 Background

Auxiliary tasks learned in parallel with the main RL task can aid representation learning by providing
an additional learning signal, for instance via modeling predictive knowledge. This can be useful
particularly in sparse or noisy reward environments and prevent over-fitting to the current rewards.

General Value Functions (GVFs): A natural candidate for predicting auxiliary tasks are
GVFs (Sutton et al., 2011). They are value functions which instead of discounted returns pre-
dict discounted sums of “cumulants” that are specified as a function of the environment state. Just
like the usual value functions in RL, GVFs can be learned using Temporal Difference (TD) Errors.
Given an MDP, the GVF for a particular state-action pair (s, a) would be:

QGV F (s, a;π, γ, c) = E[Gt|st, at, At+1:T −1 ∼ π]

where, Gt is the discounted sum of cumulants with discounting factor γ, over a trajectory length T .
The definition assumes that we are following a policy π and the returns are calculated based on the
cumulants c, which can be arbitrary. Sutton et al. (2011) showed the utility of using GVFs to learn
predictive knowledge about the environment.

Using GVFs as Auxiliary Tasks: Jaderberg et al. (2016) popularized the idea of using GVFs as
auxiliary tasks as a way to improve representation learning in RL. The auxiliary tasks designed for
that work were hand-crafted like pixel-control, feature-control based on changes in pixel intensities,
and feature activations, respectively. However, to fully appreciate the utility of using GVFs as
auxiliary tasks, we need to automatically discover good cumulants for these GVFs. Veeriah et al.
(2019) developed an approach for automatically discovering such cumulants, which employs meta-
gradients (Xu et al., 2018) to automatically learn task-specific cumulants driven by the main RL
loss. They show that learning cumulants this way actually can help in learning the main task much
faster. This phenomenon of discovering useful cumulants is called discovery.

Discovery of Cumulants: The term discovery denotes the automatic acquisition of cumulants
that assist in the primary task, termed useful cumulants. The proposed approach of Veeriah et al.
(2019) alternates between steps for discovery of pertinent predictive questions in the form of cumulant
functions that are beneficial for mastering the primary task and estimation of corresponding answers
in the form of GVFs. The key concept underlying cumulant discovery lies in leveraging a question
network with meta-learnable parameters, which allows the agent to autonomously discover questions.
The main network is an RL agent’s value network with additional heads for estimating predictive
answers in the form of general values. The loss of the main network is composed of the RL TD loss
and the TD losses of the GVFs. Veeriah et al. (2019) propose the following meta-gradient method
for discovery of useful GVF:

1. perform a fixed number of updates of the main network’s parameters using cumulants of
the question network with frozen parameters, retaining the computational graph for the
sequence of updates.

2. evaluate the RL TD loss with the latest set of main network parameters




